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Soil strength is a dynamic property that changes with time and space under the influences of 36 climate, soil management practices and plant growth (Koolen and Kuipers, 1983 ). Soil 37 deformation following a single or multiple passes of heavy agriculture machinery results in 38 soil compaction and structure deterioration, which leads to increase in soil strength, reduction 39 in hydraulic conductivity and infiltration rate, and poor root penetration and plant growth 40 (Franzen et al., 1994; Quraishi and Mouazen, 2013a) . Random traffic of heavy machinery 41 during harvest also causes long lasting damage to the soil structure because of deep 42 penetration of downward forces causing deep compaction (Ekwue and Stone, 1995) . Deep 43 compaction is difficult to ameliorate, since natural and biological activities are limited at deep 44 soil horizons. Subsoiling is also of limited impact particularly if carried out under heavy and 45 wet soil conditions. Due to the dynamic nature of the soil, soil strength is affected by soil 46 moisture content (MC), organic matter content (OMC), degree of compaction and texture to 47 name a few. proposed methodology is capable of overcoming the disadvantages of the traditional core 69 sampling method of BD measurement, as vis-NIR spectroscopy enables cost effective and 70 fast prediction of soil properties (Mouazen et al., 2005 (Mouazen et al., , 2007 (Mouazen et al., , 2009 . At this stage, this new 71 methodology requires the development of an instrumentation to enable in situ acquisition of 72 multiple georeferenced data, including PR and vis-NIR spectra, to be fed as input data into 73 6 (Avantes, Eerbeek, the Netherlands) (Fig. 2) . The optical assembly of the PBDS was first 124 tested in the laboratory under controlled conditions by inserting the cone in the soil placed in 125 black containers to avoid the effect of ambient light. After successful laboratory testing, the 126 sensor was tested and validated in the three validation fields in Silsoe experimental farm in 127 2012 ( Table 1 ). The PBDS was inserted in the soil at a constant speed to a depth of 20 cm, 128 along which the vis-NIR soil spectra and PR were recorded at a sampling resolution of 10 Hz. Two separate sample sets collected from the UK were used for vis-NIR spectra modelling. 140
The first set was used to develop calibration models of MC and OMC, whereas the second set 141 was used to develop CLC model. Samples for the first set were collected from Beechwood, 142
Clover Hill, Upbury, Ivy Ground, Chipping and Downing fields in Cranfield experimental 143 farm in Silsoe (Table 2 ). In total, 111 samples were collected from these six fields to form a 144 farm-scale (Silsoe farm) calibration models for MC and OMC. The second set consisting of 145 63 samples (Aldhumayri, 2012; Alhwaimel, 2013) Table 2 were scanned in the laboratory with the same fibre type vis-NIR 151 spectrophotometer of PBDS (Avantes, Eerbeek, The Netherlands), linked with the 152 penetrometer cone (Fig. 2) . Before scanning, stones and plant residues were removed from 153 the soil samples and placed in a glass container after mixing. This was done to exclude 154 interference of stone and plant debris in soil spectra. Each sample was scanned 10 times in 155 diffuse reflectance mode. White reference was used before scanning and at 30 min interval to 156 re-calibrate the spectrophotometer. 157 158
Spectra pre-processing and development of visible and near infrared (vis-NIR) 159 calibration models 160
After averaging the 10 spectra of each soil sample in one spectrum, the resultant spectra were 161 smoothed by averaging 5 successive wavelengths. The spectra were then exported to 162
Microsoft Excel 2010, where the noise from either end of the spectra was removed and 163 remaining range of 1653-2498 nm was withheld. STATISTICA 11 ANN toolbox (StatSoft,  164 Inc., Tulsa, USA) was used to establish calibration models for MC, OMC and CLC, using 165 spectra of the samples listed in Table 2 (Fig. 3) , whereas the latter maps were based on 206 24 points collected either with Kopecki ring or PBDS (Fig. 3) . 207
Semi-variograms analysis was carried out for the comparison and full-point maps using 208 
Organic matter content model 250
The OMC is predicted with a lower accuracy (RMSE = 0.82%) in comparison to MC (Table  251 5), which may be attributed to the low standard deviation (SD) of 2.15%. The average OMC 252 in clay fields is considerably higher (8.03%) than that in sandy loam fields (3.26%), which 253 results in empty gap in OMC range (Fig. 4) . Although a high R 2 value of 0.96 is calculated, a 254 large slop and intercept can be observed. However, the small RMSE value of 0.82% confirms 255 the model applicability to predict OMC, especially with RPD value of 2.46, which is 256 classified as a very good quantitative model for prediction (Table 3) those obtained in the current study (Table 5 ). Both authors used PLS regression, whereas12 ANN was adopted in the current study, which proves that ANN is a more robust and provide 268 more accurate estimations when compared to PLS regression (Mouazen et al., 2010) . (Table 7) . For the CLC model, the error 290 calculated for all three fields is less than 8% of the average field CLC value. Since the soil 291 13 sample used for CLC model was an average of the whole field, it was not possible to compare 292 point-by-point predicted with measured CLC. The scatter plots in Fig. 6 shows a good fit 293 between the measured and predicted values of MC and OMC for each validation field. Best 294 results are obtained for Chipping field with the lowest RMSE for both MC (0.32%) and OMC 295 (0.09%). The measurement accuracy of the clayey soil Ivy field is similar to the other two 296 fields (RMSE = 0.51% and 0.11%, respectively). In Downing field, the prediction accuracy 297 for both MC (RMSE = 0.60%; RPD = 3.68) and OMC (RMSE = 0.12%; RPD = 2.74) is 298 excellent, but less accurate than the other two fields (Table 7) . The measured and predicted MC maps (Figs. 10a and 10b, respectively) show very similar 326 spatial patterns, which can be attributed to the high match between vis-NIR predicted and 327 measured MC (Fig. 6 & Table 7 ). It can be observed that MC gradually decreases from the 328 top right corner to the bottom left corner. The error map in Fig. 10c illustrates that the error 329 ranges between -0.86 to 1.76%, with the largest negative and positive errors encountered 330 towards the central area, and left and right hand side areas of the field, respectively. 331
The comparison maps between the measured and predicted OMC (Fig. 11a and 11b , 332 respectively) also illustrate similar spatial variation pattern, which is also similar to MC 333 distribution pattern. A large area of high OMC can be observed at the right hand side of the 334 field. The low band of OMC towards the left hand side of the field is identical to that of MC. The full-point maps for BD, MC and OMC were generated using 48 points predicted with the 344 new BDPS. The spherical semivariograms used for kriging are shown in Fig 12, whose  345 properties are listed in Table 4 . Full-point maps (Fig. 13) 
